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The ability of the adaptive immune system to respond to arbitrary pathogens stems from the
broad diversity of immune cell surface receptors (TCRs). This diversity originates in a stochastic
DNA editing process (VDJ recombination) that acts each time a new immune cell is created from
a stem cell. By analyzing T cell sequence repertoires taken from the blood and thymus of mice of
different ages, we quantify the significant changes in this process that occur in development from
embryo to young adult. We find a rapid increase with age in the number of random insertions in the
VDJ recombination process, leading to a dramatic increase in diversity. Since the blood accumu-
lates thymic output over time, blood repertoires are mixtures of different statistical recombination
processes and, by unraveling the mixture statistics, we can obtain a clear picture of the time evolu-
tion of the early immune system. Sequence repertoire analysis also allows us to detect the effect of
selection on the output of the VDJ recombination process. The effects we find are nearly identical
between thymus and blood, suggesting that they mainly reflect selection for proper folding of the
TCR receptor protein.
The adaptive immune system relies on the diversity
of its receptors to recognize an unpredictable array of
foreign pathogens. This diversity can now be studied
in great detail thanks to high-throughput sequencing of
lymphocyte receptor repertoires [1–8]. Repertoire se-
quence data can be used to better understand how im-
mune system diversity develops and matures over a life-
time. While the decline in immune diversity with ad-
vanced age has been well studied [9–12], including re-
cently by sequencing T-cell repertoires [13–16], the devel-
opment of receptor diversity in early life remains to be
fully characterized. The flexibility of the mouse model
makes it an excellent experimental platform for study-
ing the rapid changes in the mammalian immune system
that occur as an individual passes from embryo to young
adult. In this paper, we use sequence data on T cells
collected from mice at several times in early life to study
this maturation process.
T cells perform their surveillance function through sur-
face receptor proteins, or T-cell receptors (TCR). These
receptors are highly diverse: any individual TCR recog-
nizes only a small subset of the possible foreign peptides
that can be displayed on the surface of somatic cells, and
the system defends against a broad range of pathogens
by having a very diverse repertoire of T cells. This di-
versity is achieved by a process of stochastic DNA edit-
ing, known as VDJ recombination, which occurs in each
newly-produced T cell, and for each of the two chains
(alpha and beta) that comprise the receptor. The beta
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chain, which is the main focus of this paper, is composed
of V, D, and J segments, each randomly chosen from
a number of variants linearly arrayed on the germline
genome and joined together. Further diversity is created
by random deletions from each end of the joined genomic
segments, and from random non-templated insertions be-
tween them.
The quantitative details of how VDJ recombination
operates are known to change during development. For
instance, B- and T-cell receptors formed in embryonic or
neonatal individuals are less diverse than in adults, due to
a lower number of non-templated insertions [17], caused
by the absence of Terminal Deoxynucleotidyl Transferase
(TdT) expression, the enzyme responsible for these inser-
tions [18–20]. While this observation has been confirmed
by deep sequencing of human TCR repertoires [15, 16],
the precise form and time-resolved dynamics of the mat-
uration of the VDJ recombination process has not been
assessed. A direct way to observe the effects of this mat-
uration is to track the length distribution of the Com-
plementarity Determining Region 3 (CDR3) of the beta
chain, which streches from a conserved cysteine in the V
segment to a conserved phenylalanine in the J segment,
and whose length is crucially affected by the addition of
non-templated nucleotides. Fig. 1 shows the evolution of
the CDR3 length distribution for T cells extracted from
mouse thymus at ages ranging from 17 days after concep-
tion to 42 days post-birth (see below and Materials and
Methods for details). The mean CDR3 length increases
systematically with developmental age, consistent with
increasing numbers of non-templated insertions, meaning
that the apparatus that generates the immune repertoire
changes with time in just days.
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FIG. 1: Distributions of CDR3β amino-acid length at
different ages. Data derived from mouse thymus at three
ages: 17 day embryo (E17), 4 days (D4) and 42 days (D42)
post birth. In passing from embryo to mature animal, the
mean CDR3 length increases by just one amino acid.
Changes in CDR3 length distribution reflect all the
changes that may occur in the statistics of the recombi-
nation process, including the distribution of insertions,
deletions, and choice of gene templates. However, ex-
tracting these distributions directly from sequence data
using standard assignment tools [21–24] may give biased
estimates that would limit our ability to detect the de-
velopmental changes that interest us here. In previous
work we developed a method to overcome this problem
using a probabilistic approach [25, 26]. Here we apply
this method to thymic and peripheral TCR beta (TRB)
repertoires of mice of varying ages from prenatal to young
adult. Our modeling approach allows us to quantify and
track diversity as a function of developmental age, in both
the thymus and the periphery.
I. RESULTS
A. Inferring the statistics of VDJ recombination of
murine TCR beta chains
A new TRB gene is created from germline DNA by a
series of stochastic events: choosing gene segments, delet-
ing bases from the ends of the chosen gene segments,
and inserting nucleotides between the modified gene seg-
ments. Because the same sequence can be generated by
distinct recombination events, these specific events are
unknown and cannot be read off from the sequence with
certainty. However, the distribution of these events can
be inferred from large numbers of sequences, using prob-
abilistic modeling.
We assume that the probability distribution for the
generative events involved in VDJ recombination of TRB
has the following form [25, 27], which we will verify a
posteriori:
P(S) =P (V)P (D, J)P (insVD, insDJ)
P (delV|V)P (delDl,delDr|D)P (delJ|J)
P (s1)P (s2|s1) · · ·P (sinsVD|sinsVD−1)
P (t1)P (t2|t1) · · ·P (tinsDJ|tinsDJ−1)
(1)
where S is a recombination scenario (defined by gene
choice, numbers of deletions, number and identity of
insertions) and where each factor in the equation is a
distribution over the possible elements of the scenario:
P (V)P (D, J) is the distribution of choices of the three
kinds of gene segments (note that a correlation between
the two D genes and the two clusters of J genes is im-
posed by genome topology), P (delV|V) is the distribu-
tion of numbers of deletions from the end of a particular
gene V (and likewise for D and J). A scenario includes
specific N nucleotide insertions s1...sinsVD and t1...tinsVD
at the VD and DJ junctions, and P (insVD, insDJ) is the
distribution of the total numbers of such insertions, while
P (si|si−1) etc. describes the probability of inserting par-
ticular N nucleotides. Note that Eq. 1 gives the proba-
bility of recombination scenarios, not sequences. To ob-
tain the probability of generating a specific sequence, one
must sum the expression in Eq. 1 over all the recombina-
tion scenarios that result in that sequence.
We determine the component probability distributions
in Eq. 1, P (V), P (D, J), P (insVD, insDJ), etc., directly
from the data using the principle of maximum likelihood.
The likelihood of a whole data set is given by the product,
over all the unique out-of-frame sequences in the data set,
of the generation probabilities of those sequences accord-
ing to the model. We restrict the dataset to out-of-frame
sequences because, unlike most in-frame sequences, those
sequences are not subject to any selection effect. Out-of-
frame sequences only owe their survival to the creation
of a productive gene in a second recombination attempt
on the other chromosome, and thus give direct insight
into the raw recombination process without confound-
ing factors. In practice, likelihood maximization is per-
formed using an Expectation-Maximization algorithm, as
explained in [25]. A distinct set of generation parame-
ters was inferred from each of our datasets using the pro-
cedure above. These datasets included TRB sequence
repertoires from the thymus, spleen and blood of mice at
ages 17 days after conception, and 4 days, 21 days and
42 days after birth (see Materials and Methods and SI
Table 1 for a complete summary of data).
The main assumption underlying Eq. 1 is its simple
product structure, reflecting the independence of the en-
zymes that carry out different steps of the process. An-
other assumption is that the probability of inserting a
given N nucleotide only depends on the identity of the
nucleotide that precedes it (Markov assumption). We
self-consistently checked the validity of these assumptions
by verifying a posteriori that almost no unaccounted cor-
3relations between the recombination events were left in
the data that were not explicitly assumed (see SI text and
Figs. S1), and by showing that the statistics of triplets
of N insertions were well predicted by the Markov model
(Fig. S2). We also compared our probabilistically in-
ferred distributions of recombination scenario variables
with distributions assembled from assignments made by
a standard VDJ alignment software package [21]. We
found that these non-probabilistic alignment methods
greatly overestimate the fraction of sequences with no
N nucleotide insertions, and significantly violate the D-J
pairing rule imposed by genome topology, while the prob-
abilistic method does not (Fig. S3). This discrepancy is
what motivates our use of a probabilistic approach (see
SI text for more discussion). The inferred model features
were very reproducible across individuals of the same age
(Fig. S5 and S7).
B. Maturation of diversity in the thymus
The best documented element of VDJ recombination
known to change between fetal and adult life is the num-
ber of non-templated (N) insertions at the junctions. In
Fig. 2 we plot the marginal distributions of the number
of N insertions at the VD and DJ junctions inferred from
out-of-frame thymic sequences of mice at a sequence of
ages. During the passage from fetal to mature animal,
this distribution changes dramatically and rapidly. In
the embryonic mouse, 90% of the sequences have no in-
sertions, while this fraction drops to 10% in adult mice.
This trend is consistent with previous observations in
neonates [17], and is explained by the low level of ex-
pression of TdT before birth [18, 20]. TdT is turned
on after birth, and Fig. 2 indicates that the asymptotic
level of TdT in adults must be reached before 21 days,
as there are no noticeable differences between 21 and 42
days. The distribution at 4 days shows an intermediate
situation, roughly halfway between embryonic and adult.
While Fig. 2 shows that the inferred distribution of in-
sertions is identical at the VD and DJ junctions in the
thymus of fetal or adult mice, it is different at 4 days.
This difference could be due to the temporal ordering of
VDJ recombination: DJ recombination occurs before VD
recombination, with a short time delay between the two,
and the rise of TdT expression during this delay could
explain the increased mean number of VD insertions rel-
ative to that of DJ insertions.
We asked whether features of the recombination pro-
cess other than the number of insertions changed with
development age. D and J gene choice did not change
significantly (P > 0.05, t-test corrected for multiple test-
ing), while a few V genes saw their usage significantly
(P < 0.05) increase (V4, V12-1, V26) or decrease (V14,
V16, V17, V20, V22) with age (SI text and Figs. S3–S5).
The profiles of deletion showed no significant changes
with age (Figs. S6 and S7), and neither did the frequen-
cies of inserted N nucleotides (Fig. S2).
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FIG. 2: Age-dependent insertion length distributions.
Distributions of the number of N insertions at the VD junc-
tion, P (insVD), and at the DJ junction, P (insDJ), inferred
from individual mouse thymus data sets at different ages: em-
bryo day 17 (E17), and 4, 21 and 42 days post birth (D4, D21,
and D42). The error bars indicate the variation across indi-
viduals (see SI Table 1).
FIG. 3: Sequence entropy for thymic repertoires. Dis-
tribution of the log generation probability for mouse thymic
repertoires derived from 17 day embryo (E17) and 42 day
post birth animals (D42). The human generative probability
distribution [25] is plotted for comparison. Shannon entropy
is minus the mean over these distributions. Inset: Shannon
entropy at ages 17 days embryo and 42 days post-birth, de-
composed into the components of the recombination scenario.
Sequence entropy is recombination scenario entropy minus a
correction for convergent recombination. Note that only the
insertion component of scenario entropy changes significantly
between embryonic and mature.
4To quantify the overall change in diversity between
TRB sequence repertoires at different ages, we calculated
the Shannon entropy of their distributions. Entropy is an
additive quantity, meaning that it can be decomposed as
a sum of contributions from gene choices, deletions, and
insertions, from which a correction for convergent recom-
bination must be subtracted [25]. We find that the di-
versity of generated nucleotide sequences increased from
21 bits in fetal mice to 30 bits in adult mice. The change
in repertoire diversity during this transition is almost en-
tirely due to the change in the insertion profile, as can be
seen in Fig. 3 (inset) where the different contributions to
the sequence entropies of the fetal and mature sequence
repertoires are compared.
The entropy is mathematically equal to the negative of
the mean of the logarithm of generation probability. For
adult mice, Fig. 3 shows that this number corresponds
to a generation probability of roughly one per billion for
typical sequences. The same curve also shows that the
generation probabilities of individual sequences (in typ-
ical repertoires of 104 to 105 sequences) range from a
few parts in a million to less than a part in 1018. T
cells with very low generation probabilities will be pri-
vate, i.e. not likely to be generated independently in two
mice, while T cells with the highest generation probabili-
ties can be public, i.e. frequently found in different mice
[28]. These numbers apply to the whole TRB nucleotide
sequences. If we restrict our attention to the amino-acid
sequence of the CDR3, codon degeneracy means that se-
quence entropies will be smaller, with typical individual
sequence generation probabilities of 10−6, and a maxi-
mum of 3 · 10−4 (as estimated by generating 108 random
sequences from the model).
C. The peripheral repertoire reflects past states of
the thymus
Our analysis of thymic repertoires has shown that the
generative probability distribution for VDJ recombina-
tion changes dramatically in the days and weeks after
birth. In order to understand how the evolution of VDJ
recombination impacts repertoires, we need to account
for the fact that various compartments accumulate cells
generated across earlier times, as sketched in Fig. 4. As a
result, sequence repertoires must be described by a mix-
ture of generative models, with varying parameters that
reflect the past states of the generation process.
In order to use our inference procedure to quantify the
state of mixing of repertoires, we must make some sim-
plifying assumptions. First, given our observation that
other features vary rather little with age (Figs. S4–S9),
we assume that only the statistics of the untemplated in-
sertions change with time. We further assume that the
insertion distribution function interpolates linearly be-
tween the embryonic and adult distributions: denoting
by n the number of insertions at a junction, its distribu-
tion is Pα(n) = αPemb(n) + (1− α)Pmat(n), where Pemb
age
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FIG. 4: Mixture model dynamics. T cells recombine
according to an insertion profile that depends on a time-
dependent effective TdT level α (dashed white line in upper
panel). Cells output to the periphery at different times are
described by different values of α (indicated by colors). The
accumulating peripheral T cell repertoire is described by a
mixture that accounts for the different numbers of T cells
emitted at different times.
is the distribution for the 17 day embryo, and Pmat is the
adult distribution at 42 days and 0 ≤ α ≤ 1 is an effective
level of TdT measured by its impact on the number of
insertions. We verified the validity of this interpolation
by checking that it describes the data at day 4, shown in
purple in Fig. 2, accurately (Kullback-Leibler divergence
of 0.1 bits, which is small compared to the entropy of 2.6
bits).
The distribution Pα describes the TRB generation pro-
cess at a fixed TdT level α. As explained above, reper-
toires represent the accumulated output of recombination
events at earlier times and must be described by a mix-
ture of processes at various α values. The generic mixture
model for insertions n1, n2 at the VD and DJ junctions
can thus be written as
P (n1, n2) =
∫ 1
0
dα g(α)Pα(n1)Pα(n2)
= Pα¯(n1)Pα¯(n2) + var(α)∆P (n1)∆P (n2),
(2)
where g(α) is the distribution of α in the repertoire re-
flecting the distribution of the past developmental ages
at which its receptors were produced, α¯ and var(α) are
its mean and variance, and ∆P = Pmat − Pemb. Conve-
niently, per the second line of Eq. 2, the mixture distri-
bution depends only on the mean and variance of α. The
variance is constrained by 0 ≤ var(α) ≤ α¯(1 − α¯), and
gives a measure of the level of mixing in the repertoire.
Zero variance means no mixing, i.e. all cells were created
at a single effective TdT level α = α¯. Maximal variance
and mixing are attained when a fraction α¯ of cells fully
expresses TdT (α = 1), while the remaing fraction 1− α¯
does not express TdT at all (α = 0).
We estimate α¯ and var(α) for our datasets by first in-
ferring the joint distribution P (insVD, insDJ) of Eq. 1
5using our inference technique, and then adjusting α¯ and
var(α) to obtain the best fit to Eq. 2. The data points
in Fig. 5A show the mean effective TdT level α¯ as a
function of age for thymus or blood data sets, while the
data points in Fig. 5B report the associated values of
var(α). Fig. 5A shows that the blood repertoire transi-
tions from embryonic (α = 0) to mature (α = 1) with a
time delay relative to the thymic repertoire. This result
is expected since blood T cells are first produced in the
thymus. The rise in TdT level results in an increase of
diversity, as measured by the entropy of recombination
events (inset). Fig. 5B shows that, while embryonic and
adult repertoires have no mixing, var(α) ≈ 0, all inter-
mediate repertoires are mixed, with var(α) significantly
larger than 0. Although the thymus does not accumulate
cells, T cells do spend a finite time in the thymus and,
when TdT levels are changing fast, thymic repertoires
are described by mixtures. Still, blood repertoires are
substantially more mixed than thymic repertoires, as is
expected since the thymus contains cells that have recom-
bined over a narrow range of TdT levels α, while blood
contains cells with a greater range of ages and of values
of α.
The behavior of the data displayed in Fig. 5 can be bet-
ter understood by comparison with a simple model (see
Materials and Methods and SI). In this model the effec-
tive TdT level α(t) in the thymus is given by a sharply
rising Hill function (Fig. 5A, dashed curve), recombined
cells are created at a rate that increases rapidly with
time, and cells reside in the thymus for three days on
average, after which they are released into the periphery.
While model parameters were chosen to reproduce the
observed behaviour quantitatively, we did not attempt
a formal fit to the data, because of the paucity of data
points. Results for α¯(t) and var(α)(t) are displayed in
Fig. 5 (orange and green curves). The model recapitu-
lates the delay in maturation between thymus and blood
(Fig. 5A) and also accounts for the observed level of mix-
ing as a function of time in blood and thymus (Fig. 5B).
The model curves in Fig. 5B are parametric in time (time
stamps added for clarity) and it is significant that the
data points lie close to points on the model curves at the
right age.
D. Selection
Our discussion so far has been restricted to the evo-
lution of the generative model for VDJ recombination,
which is inferred from nonproductive, out-of-frame se-
quences. The statistics of in-frame sequences, which code
for functional surface receptor proteins, is biased by the
selection effects they have been subjected to, both in
thymus and periphery. These selection effects can be
quantified from the statistical differences between the
selected, inframe repertoire and the unselected, out-of-
frame repertoire.
Following previous work on human TRB sequences
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FIG. 5: Age dependence of the recombination process.
The effective TdT level 0 ≤ α ≤ 1 is estimated as an interpo-
lation parameter between the recombination statistics of em-
bryonic and mature animals. A) Mean effective TdT α¯ at var-
ious ages (17 day embryo and 4, 21, and 42 days post-birth),
from different tissues: thymus and periphery. Periphery is
taken from blood, except for day 4 for which it is taken from
spleen. The data points are compared to a minimal model of
thymic entry, residence and output, with a sharply increasing
effective TdT level α(t) represented by the dashed line (see
Materials and Methods). Inset: recombination entropy as a
function of age, as predicted by the model. B) The variance
of α, which measures the level of mixing in the repertoires,
is shown as a function of its mean for both data (symbols)
and the prediction of the minimal model (lines). The black
line shows the maximal possible variance α¯(1− α¯). Numbers
represent age from birth in days.
[29], we associate to each possible CDR3 amino-acid se-
quence of the TRB repertoire a selection factor Q de-
fined as the fold-change in probability between generation
(inferred from out-of-frame sequences) and the observed
statistics of unique in-frame sequences. The selection fac-
tor Q is assumed to be a product of sub-factors related
to CDR3 length L, qL, and amino-acid identity a at each
position i of the CDR3, qi,L(a). The set of these subfac-
6-4.5 -4 -3.5 -3 -2.5 -2 -1.5
D42 thymus, mouse 1
-4.5
-4
-3.5
-3
-2.5
-2
-1.5
D
42
 th
ym
us
, m
ou
se
 3
A
R2=0.88158
-4.5 -4 -3.5 -3 -2.5 -2 -1.5
D42 blood, mouse 1
-4.5
-4
-3.5
-3
-2.5
-2
-1.5
D
42
 b
lo
od
, m
ou
se
 3
B
R2=0.84947
-4.5 -4 -3.5 -3 -2.5 -2 -1.5
D42 thymus, mouse 2
-4.5
-4
-3.5
-3
-2.5
-2
-1.5
D
42
 b
lo
od
, m
ou
se
 1
C
R2=0.87556
-4.5 -4 -3.5 -3 -2.5 -2 -1.5
D42 thymus, mouse 1
-4.5
-4
-3.5
-3
-2.5
-2
-1.5
E1
7 
th
ym
us
, m
ou
se
 2
D
R2=0.72734
FIG. 6: Comparing selection factors. Scatter plots of
the of the logarithms of the qi;L(a) selection factors inferred
from different pairs of samples. Each dot corresponds to an
(a, i, L) combination, and its size is set by the frequency of this
combination (frequencies below .001 not shown). R2 = 1 −
Var(q′−q)/(Var(q′)+Var(q)), where q and q′ are the selection
factors in each sample, and where variances are weighted by
frequency. The compared samples are: A) thymus of two
mature mice; B) blood of two mature mice; C) blood and
thymus of two mature mice; D) thymus of an embryo and a
mature mice.
tors defines a motif of selection across all possible TRB
sequences.
We inferred selection motifs for thymic and blood
repertoires by maximizing the model likelihood over the
selection subfactors (see Materials and Methods and Fig.
S8). The composition selection factors qi,L(a) were very
consistent between thymus and blood of mice of the same
age, with weaker consistency between mice of different
ages (Fig. 6 and Fig. S9). Similarity between blood and
thymus may seem surprising, as we could have expected a
significant fraction of TRB from thymic cells to have been
sequenced before any selection effect, making them statis-
tically closer to out-of-frame sequences. These observa-
tions suggest that our selection factors primarily capture
selection for the ability of the coded protein to fold into
a displayable receptor, and may not capture more subtle
effects such as negative selection against self-recognition.
We report the patterns of selection in terms of amino-acid
biochemical properties in Fig. S8.
II. DISCUSSION
VDJ recombination is a highly stochastic process that
produces the initial diversity on which the adaptive im-
mune system relies to develop a functional and diverse
repertoire of receptor specificities. Previous studies have
shown that this diversity is limited in neonates compared
to adults, either by biasing the choice of gene segments
[30–33], or by having a small number of N insertions
[17, 34]. Combining high-throughput sequencing with
statistical analysis of murine T-cell receptor beta chains,
we analyzed the dynamics of maturation of VDJ recom-
bination. This analysis allowed us to precisely quantify,
in bits, how diversity increases with age, from embryo
to adult. We found that the most significant change in
the recombination statistics was the number of untem-
plated N insertions, which sharply increases around the
age of 4 days, from almost no insertions to the amount
found in adults. Low number of insertions in neonates
and during embryonic development are common to both
B- and T cell receptors [35], and is attributed to low TdT
expression [18–20]. Diversity can be further reduced in
embryo by concentrating gene usage on only a few com-
binations, as was shown for immunoglobulin in mouse
[30, 31], human [32], and more recently zebrafish using
high-throughput sequencing [33]. Similar observations
were made on human TCR beta chains [36, 37]. By con-
trast, we found only minor differences in TRB gene us-
age between embryonic and adult mice (Fig. S6), meaning
that the reduced number of N insertions is the only factor
limiting diversity in the embryo relative to adult.
One can only speculate about the biological function of
the lack of N insertions in embryos and very young indi-
viduals. Rearrangements with no insertions may encode
particular specificities that are effectively innate. An ex-
ample of such genetically coded receptors are the invari-
ant TCR of MAIT and NKT cells [38]. These TCRs,
which lack N insertions, are formed with high probabil-
ity by VDJ recombination [39], and are further selected
to be very conserved. Receptors lacking N insertions may
provide neonates with a minimal set of innate-like speci-
ficities, ensuring basic immunity [40], which is later com-
pleted by the full diversity of receptors endowed with N
insertions.
Our analysis highlights the importance of focusing on
the underlying statistical ensembles from which reper-
toires are drawn, rather than looking for significance in
the sequences themselves. While sequence repertoires
are contingent and noisy, with little to no overlap be-
tween individuals, sequence ensembles are consistent be-
tween individuals, as was already noted for humans TCR
[25, 29]. Crucially, a statistical treatment is essential for
tracking the precise dynamics of N insertions with age, as
deterministic assignments give systematically biased es-
timates of these numbers (Fig. S3). When studying the
development of repertoire diversity, another confound-
ing factor is the selection of particular receptor features
during development, notably through thymic selection.
This selection process could also change with develop-
mental age. By focusing our analysis on non-productive
rearrangements, we deconvolved these selection effects
from the intrinsic changes in the recombination machin-
ery. Analysing the productive repertoire, we found no
significant differences in selection between embryonic and
adult receptors.
The study of mouse raises interesting and puzzling
7questions about sequence diversity. We found that the
mature mouse repertoire is 9 bits (or 29 ≈ 500-fold)
more diverse than the embryonic repertoire. On the
other hand, the mature mouse repertoire is 14 bits (or
214 ≈ 16, 000-fold) less diverse than the human T cell
repertoire, owing to a lower number of N insertions (typ-
ically 2 per junction in mouse versus 5 in human). Hu-
man and mouse have to deal with presumably equally
complex pathogen environments, and it would be natu-
ral to expect their immune systems to have similar levels
of sequence diversity. However, this ∼ 10, 000-fold differ-
ence in potential diversity closely reflects the difference
in the number of T cells in the two species, ∼ 107 in mice
vs. ∼ 1011 in humans. Another difference with humans
is the timing of the transition. The number of TCR N
insertions increases as early as the first semester of ges-
tation in humans [36], and from the second semester for
BCRs [35]. By contrast, our results for mice show a sharp
transition soon after birth.
The generative models of TCR inferred as part of this
study could be used to investigate the existence of a pub-
lic repertoire. We estimated the typical generation prob-
ability of TRB nucleotide sequences in adult animals to
be ∼ 10−9 (Fig. 3). Since mice have ∼ 107 cells, this
suggests that most of their nucleotide sequences are pri-
vate. However, not all sequences are equally likely, and
some have generation probabilities as high as ∼ 10−5,
meaning that they may be expected to be found in all
individuals, and provide the basis for the public reper-
toire. This effect is even more marked when considering
CDR3 amino-acid sequences, which have typical gener-
ation probabilities of 10−6, suggesting that a significant
fraction of them may be public. Interestingly, since diver-
sity is limited in neonates, the typical receptor generation
probabilities are much higher, which further supports the
hypothesis that many of these low diversity TCRs are
public and innate-like.
III. MATERIALS AND METHODS
A. Datasets
The data used in our analyses are 87bp (and 60bp)
nucleotide sequences covering the variable region of the
rearranged mouse TRB gene. The sequences were ob-
tained by Adaptive Biosciences using their TRB DNA
sequencing protocol (including error correction on the
basis of multiple reads of each unique DNA sequence)
applied to biological samples provided by two of the au-
thors (AL and CD). The samples comprised blood, spleen
and thymus samples from mice sacrificed at four differ-
ent ages: 17 day embryo, 4 days, 21 days, and 42 days
post birth (the library preparation and sequencing for
day 42 thymic samples were replicated). The mice were
Black 6 laboratory mice (Jackson Labs) raised in stan-
dard laboratory conditions. The number of unique se-
quences in the various data sets were a few tens of thou-
sands on average (with a few data sets providing more
than 105 unique sequences). The sequencing of the ma-
ture (D42) thymus samples was replicated once. Detailed
statistics on the data sets are provided in SI Table 1.
The full sequence data sets are available, along with an
explanatory README file, at http://princeton.edu/
~ccallan/MousePaper/data/. Unless otherwise stated,
the presented statistics are based on aggregates of differ-
ent mice.
B. Model inference
The sequence data are used as inputs to computa-
tional statistical inference procedures designed to con-
struct the probability distributions on sequence space
from which the individual data sets may be seen as in-
dependent draws. Two distinct inference procedures are
used. The first uses out-of-frame data sequences to in-
fer the statistical ensemble of sequences produced di-
rectly by the VDJ recombination process. This proce-
dure is described in detail in [25]. The second uses in-
frame data sequences to infer the modifications to the
initial statistical ensemble that are brought about by se-
lection of recombined TRB genes for proper immuno-
logical function. This second procedure is described in
detail in [29]. The Matlab software for implementing
the two procedures is available at http://princeton.
edu/~ccallan/MousePaper/software/. The results of
the inference procedure (in the form of Matlab data
files), along with instructions on how to use these files to
recreate the figures in this paper are available at http:
//princeton.edu/~ccallan/MousePaper/results/.
C. Model of repertoire maturation
TCR are produced in the thymus with a time-
dependent effective TdT level α(t) = [1 + ((Thalf −
Tstart)/(t − Tstart))20]−1, with a production rate θ(t) ∝
(1+(t−Tstart+1)2.1) (arbitrary units). Time is in days,
with birth at t = 0, Tstart = −15 and Thalf = 2. Cells
reside in the thymus for an average of 3 days (exponen-
tially distributed time), after which they are released into
the periphery. The simulation is followed from t = Tstart
(early embryo) to t = 42 (age of oldest data set).
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Appendix A: Validation of the structure of the
sequence generation model
Our inference procedure rests on a presumption of in-
dependence of the various factors in the generative model
and a verification of that independence is an important
aspect of our analysis. To address this issue, we com-
pute the mutual information – a non-parametric mea-
sure of dependence between random variables – between
the various recombination scenario variables, and com-
pare these numbers between the data and the generative
model inferred from the same data.
The mutual information between two random variables
x and y jointly distributed according to p(x, y) is defined
as:
I(x, y) =
∑
x,y
p(x, y) log
p(x, y)
p(x)p(y)
. (A1)
The mutual information between the variables defining
recombination scenarios, as computed from the inferred
model itself, can be calculated exactly and are shown in
the below-diagonal halves of the matrices of Fig. S1. By
construction, the generative model has zero mutual infor-
mation between certain variable pairs, e.g. the number
of VD insertions and the choice of J gene, and non-zero
mutual information between variables that correlate with
each other either directly or indirectly, e.g. between D
and J gene choice, or between D choice and number of
D deletions.
On the other hand, the inference procedure assigns
multiple scenarios, each with its own probability, to each
data sequence. For any pair of scenario variables (e.g.
insVD and delJ) one can use these assignments over all
the data sequences to populate a list of pairs of values,
weighted by scenario probabilities. From this list we
can then compute the mutual information between the
two elements of the pair using the Treves-Panzeri correc-
tion (Neural Computation, 7(2) 399, 1995) to account for
small sample sizes. The mutual informations computed
in this fashion are displayed in the above-diagonal halves
of the matrices of Fig. S1. The model form is consid-
ered accurate if the obtained mutual informations agree
with those predicted by the model, i.e. if the matrices of
Fig. S1 are symmetric.
Appendix B: Mixture model
In this model, T cells are introduced into the thymus
with rate θ(t), with an effective TdT level α(t). Cells
leave the thymus into the periphery (blood and spleen)
with constant rate τ−1thy. Under these assumptions, the
total number of cells in the thymus, Nthy(t), and the
periphery, Nperi(t), read:
Nthy(t) =
∫ t
−∞
θ(t′)e−t
′/τthydt′, (B1)
Nperi(t) =
∫ t
−∞
θ(t′)
(
1− e−t′/τthy
)
dt′. (B2)
The distributions of α in these compartments are given
by:
gthy(α; t) =
1
Nthy(t)
∫ t
θ(t′)e
− t′τthy δ(α(t′)− α)dt′, (B3)
gperi(α; t) =
1
Nperi(t)
∫ t
θ(t′)(1− e−
t′
τthy )δ(α(t′)− α)dt′.
The mean and variance of α, plotted in Fig. 5 of the
main text, are calculated from these expressions. They
are sufficient to calculate the joint distribution of inser-
tions at the two junctions, per Eq. 2 of the main text.
Appendix C: Selection model
The selection factor is defined as the fold-change be-
tween the probability of generation of a TRB sequence s,
Pgen(s), and its probability among productive in-frame
sequences, Ppost(s):
Ppost(s) = Q(s)Pgen(s). (C1)
We assume that Q(s) depends on s only through the
amino-acid translation of its CDR3, and that it takes
the following factorized form:
Q(a) = qL
∏
i=1
qi;L(ai), (C2)
where a = (a1, . . . , aL) is the amino-acid sequence of
the CDR3, and L its length. The qL factors are length-
specific factors, while qi;L(a) are composition-specific fac-
tors. All factors are simulatenously inferred by maximiz-
ing the likelihood of the inframe sequences using gra-
dient ascent, as explained in detail in Elhanati et al.,
PNAS 111:9875 (2014). Fig. S8 shows the values of
qi;L(a) inferred from D42 mouse thymic sequences, while
Fig. S9 compares the values of qi;L(a) inferred from dif-
ferent datasets. The selection factors were normalized
for these figures such that qi;L(a) > 1 indicates a pos-
itive contribution to the overall selection, while a value
below 1 indicates a negative contribution. A different
and model-independent normalization scheme was used
for the comparisons in figure 6 in the main text, such
that
∑
a qi;L(a) = 1.
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TABLE I: Sequence data sets used in analyses reported in main text.
Age Tissue Read length Productive Nonproductive
17 day embryo Thymus 2 87 bp 11199 15368
17 day embryo Thymus 3 87 bp 9589 11485
4 day Thymus 1 87 bp 9165 4687
4 day Thymus 2 87 bp 27794 14417
4 day Spleen 1 87 bp 447 325
4 day Spleen 2 87 bp 213 112
4 day Spleen 3 87 bp 1356 668
21 day Thymus 60 bp 95164 43418
21 day Blood 60 bp 14469 7510
42 day Thymus 1 87 bp 33028 16159
42 day Thymus 2 87 bp 24292 10864
42 day Thymus 3 87 bp 24846 12006
42 day Thymus 1 library replicate 87 bp 137233 67232
42 day Thymus 2 library replicate 87 bp 61990 30390
42 day Thymus 3 library replicate 87 bp 83591 40425
42 day Blood 1 87 bp 16642 7550
42 day Blood 2 87 bp 3256 1235
42 day Blood 3 87 bp 16858 7306
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FIG. S1: Mutual information (MI) between hidden scenario variables. Each plot is based on the data set indicated in the
plot title and the ‘correlated insertions’ model inferred from that data set. The ‘correlated insertions’ models allow a general
joint distribution P (insVD, insDJ) of VD and DJ insertions. Squares below the diagonal (lower right) display MI values for the
model itself, while squares above the diagonal display MI values derived from the data (see SI text for details). The sum of
all the MI values calculated from the data (entries above the diagonal) that were not predicted by the model (zeros below the
diagonal) does not exceed 0.14 bits in all considered cases. That number is very small compared to the individual entropies of
each the scenario variables (each of the order of bits), indicating that these correlations are negligible.
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FIG. S2: Frequencies of N insertions. Upper panel: Dinucleotide insertion bias values P (si|si−1) inferred from individual
thymus data for D4 and D42. Data are not presented for E17 because there are virtually no insertions in embryonic recombi-
nation. The 5’ nt refers to si−1, while the x axis corresponds to si. Sample variance at a given age is small, and frequencies
are consistent from day 4 to day 42. Lower panel: predicted vs. observed trinucleotide insertion frequencies P (si, si+1, si+2)
for D42 thymic data. The small scatter about the equality line indicates that the untemplated insertions are well-described by
a dinucleotide Markov process.
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FIG. S3: Comparison of deterministic vs model inference results. We compare the results of our model inference
procedure used in the paper to a deterministic alignment as described in Yousfi Monod et al, Bioinformatics 20 1:379?85 (2004).
The upper panel shows the insertion profiles for D42 thymus (error bars are over individual mice). We see that the deterministic
result gives a much higher probability for zero insertions and the VD and DJ junctions differ slightly. The lower panel compares
the deterministic and the model-inferred joint DJ usages for D42 and E17 thymus data. Note that the deterministic alignment
gives a non-zero probability of DJ pairings which are topologically impossible (i.e. TRBJ1 genes cannot be paired with TRBD2).
By contrast the model-inferred usage is completely consistent with the topological constraint.
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FIG. S4: V and J gene usage as a function of age. Gene usage probabilities derived from aggregated thymic data sets
at different ages. Aggregated data sets, used to reduce small sample noise, are constructed by combining sequence repertoires
from several individual mice at the same age. While the overall usage pattern is fairly stable with age, some genes undergo
quite substantial changes in usage.
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FIG. S5: Variation of V and J gene usage across biological replicates. For each V or J gene we plot the thymic
usage fraction for all available individuals (one, two or three depending on the case) for the embryonic day 17 and for the 42
day mature mouse. Different individuals are indicated by repetitions of the same symbol, and their dispersion gives a rough
measure of the biological sample variance of gene usage.
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FIG. S6: Deletion profiles for different ages. The plots show the deletion profiles inferred from aggregated thymic data
sets at three different ages. Deletion profiles depend on the identity of the gene being deleted and negative deletions are used to
account for P-nucleotides. Variations across sample ages is significantly larger than individual-to-individual variations at any
given age. Plot titles record the gene identities and their usage probabilities at age 42 days (only genes with usage probability
greater than .02 are displayed).
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FIG. S7: Variation of deletion profiles across biological replicates. Same convention as Fig. S5. Plot titles record
the gene identities and their usage probabilities (only genes with usage probability greater than .02 are displayed). There is
virtually no biological sample variance between individuals in a given sequencing run, and very little between runs.
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FIG. S8: Selection factors. Upper panel: Selection factors qi,L(a) inferred from D42 mouse thymic data sets. Lower panel:
Pearson correlations between selection factors and amino acid biochemical properties. For each position i, CDR3 length L, and
biochemical property, we display the Pearson correlation between qi,L(a) and the values of the biochemical property for the 20
amino acids a (the latter listed in the table accompanying each subpanel).
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FIG. S9: Selection factor correlations. Scatter plot of selection factors inferred from pairs of data sets. The pairings
allow us to compare different tissues (blood or thymus) and ages. R2 = 1−Var(q′ − q)/(Var(q′) + Var(q)) is a measure of the
difference between two data sets; for identical data sets, one would find R2 = 1.
